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ABSTRACT
Supply chain management (SCM) has a dynamic structure involv-
ing the constant flow of information, product, and funds among
different participants. SCM is a complex process and most often
characterized by uncertainty. Many values are stochastic and can-
not be precisely determined and described by classical mathemat-
ical methods. Therefore, in solving real and complex problems
individual methods of artificial intelligence are increasingly used,
or their combination in the form of hybrid methods. This paper
has proposed the decision support system for determining eco-
nomic order quantity and order implementation based on
Adaptive neuro-fuzzy inference systems - ANFIS. A combination of
two concepts of artificial intelligence in the form of hybrid neuro-
fuzzy method has been applied into the decision support system
in order to exploit the individual advantages of both methods.
This method can deal with complexity and uncertainty in SCM
better than classical methods because they it stems from experts’
opinions. The proposed decision support system showed good
results for determining the amount of economic order and it is
presented as a successful tool for planning in SCM. Sensitivity
analysis has been applied, which indicates that the decision sup-
port system gives valid results. The proposed system is flexible
and can be applied to various types of goods in SCM.
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1. Introduction
Scientific and technological progress, in coordination with economic development,
affects all areas of the economy and its capabilities are used in the search for solu-
tions for better organisation and efficiency of the supply chain. According to Stadtler,
Kilger, and Meyr (2015), supply chain management (SCM) is a set of rules and proce-
dures by which the transport chain provides raw materials, semi-finished or finished
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products necessary for the implementation of the production process, and the needs
of users or consumers.
In recent years, SCM disruptions have impacted the performance of companies
(Ho, Zheng, Yildiz, & Talluri, 2015). Previously, the most productive and commercial
organisation could make profit despite the inefficient SCM (Tempelmeier, 2011).
Today that is not the case, because most companies operate at small profit levels
(Bokor, 2012). Cost reduction involves rationalisation in all areas of the company
(Stevic, Pamucar, Vasiljevic, Stojic, & Korica, 2017), and research in the field of SCM
has shown that it is possible to achieve savings of up to 30% (Chen, Chen, Fan, &
Huang, 2013).
One of the main objectives of SCM is to organise and coordinate the flow of pro-
ducing products from manufacturer to retailers that must meet the needs of the end
users (for this purpose end customers’ value expectations). The paper discusses data
issues and decision support system designing in SCM for the economic order quan-
tity (EOQ) of the final product by a retailer.
Taking into account the current knowledge in the field of SCM (Azadeh, Zarrin,
Saberi, & Ebrahimi, 2015; Bhatnagar & Chee-Chong, 2009; Fallahpour, Wong, Olugu,
& Musa, 2017), researches in the paper focus on whether the dynamic model on the
principle of the hybrid method of artificial intelligence (Abdollahzade, Miranian,
Hassani, & Iranmanesh, 2015; Fallahpour, Olugu, Musa, Khezrimotlagh, & Wong,
2016; Ghorabaee, Amiri, Zavadskas, & Antucheviciene, 2017; Tamosaitiene,
Zavadskas, Sileikaite, & Turskis, 2017; Tavana, Fallahpour, Di Caprio, & Santos-
Arteaga, 2016) can be used for planning, organising and implementation of order
quantity. During the decision support system design (Zavadskas, Antucheviciene,
Vilutiene, & Adeli, 2017), all the peculiarities of SCM processes were taken into
account, as well as the nature and degree of the influence of key factors in determin-
ing EOQ for the observed company and the type of goods.
The basic hypothesis of this paper is that it is possible to design a decision support
system on a hybrid neuro-fuzzy approach of artificial intelligence to determine EOQ
and its realisation by a retailer. Such a system can effectively be used in the observed
company in a highly dynamic and changing business environment. One of the objec-
tives is that the proposed system shall be flexible and applicable in other companies
for other types of goods in SCM. The basic motive for the design of such a decision
support system is the development of the tool for EOQ that will be able to fully imi-
tate, control and replace the work of logistics experts, or perform complex and real
processes of SCM using a hybrid artificial intelligence technique.
Combining the neural network and fuzzy system concepts in order to combine the
advantages of both the techniques, addresses their respective limitations in the real
business world. The main idea of adaptive neuro-fuzzy techniques is based on fuzzy
modelling methods and learning based on a given set of data. Thanks to these advan-
tages, in this paper, the authors have chosen to develop a model for determining eco-
nomic order quantity and order implementation.
The basic contribution of this paper is that the proposed model is a real applica-
tion and it is used to solve the specific problem of determining the quantity of order
of the finished product taking into account all the specifics for the order of the given
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type of goods. Compared to existing models, the benefits are complex and integrate
considerations of many parameters that influence the decision on the determination
of EOQ and the realisation of procurement. In this sense, when determining the
parameters of the defined criteria, the learning effect model with imprecise parame-
ters has been applied.
Another advantage is that the model has been developed by countering the
assumption of full transfer of learning, i.e., the model that completely mimics the
work of an experienced expert. The learning ability of the connectionist neural net-
works is incorporated into the human as reasoning ability of the fuzzy systems.
The third advantage of the model is that it is flexible and with small modifications
and entering specificities of input parameters, it can be upgraded and used to deter-
mine the EOQ of other types of goods, semi-products and raw materials. The pro-
posed model addresses various difficult research problems in a business system that
absorbs new knowledge (being able to combine different styles and show-
ing creativity).
The rest of this paper is organised as follows. The relevant literature review is clas-
sified and reviewed in Section 2. Section 3 describes ANFIS (Adaptive Neuro-Fuzzy
Inference Systems) techniques used in the proposed methodology. Section 4 presents
decision support system design, proposed models, a sensible analysis for different
membership functions was made and discussion. Conclusion remarks are drawn in
Section 5.
2. Literature review
Many phenomena in nature, society and the economy cannot be described and it is
not possible to predict their behaviour by traditional mathematical methods. Due to
the lack of flexibility of this approach, the human factor compensates for the uncer-
tainty of mathematical modelling using knowledge based on experience and the abil-
ity to make decisions based on data that are difficult to enter into a mathematical
model (Efendigil, 2014; Jovanoski, Minovski, Lichtenegger, & Voessner, 2013).
A century ago, Harris (1913) introduced the EOQ inventory model. Most compa-
nies apply the EOQ model to determine the maximum level of inventory or ordering
lot size (Ali, Paul, Ahsan, & Azeem, 2011). The application of classical methods for
EOQ is based on limited assumptions that cannot cover the nature of modern com-
plex logistics processes such as - demand is constant in unit time, lead time is deter-
ministic and stationary, constant price etc (Maddah & Noueihed, 2017). But, making
decisions in SCM takes place in an environment where objectives and constraints are
not and cannot often be precisely defined (Latif, Paul, & Azeem, 2014; Seker, Erol, &
Botsali, 2013; Taleizadeh, Khanbaglo, & Cardenas-Barron, 2016). Therefore a certain
approximation is required in order to obtain a high quality model of a real system
where the application of artificial intelligence has an important role (Sremac,
Gladovic, -Delosevic, Matic, & Matic et al., 2013). Consequently, individual methods
of artificial intelligence (Keshavarz Ghorabaee, Zavadskas, Amiri, & Antucheviciene,
2016) or their combination in the form of a hybrid method are increasingly used in
solving real and complex problems (Liou, Tamosaitien_e, Zavadskas, & Tzeng, 2016;
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Radeerom & Kulthon, 2013; Teksan & Geunes, 2016; Zavadskas, Govindan,
Antucheviciene, & Turskis, 2016).
Some researchers (Davis-Sramek & Fugate, 2007) interviewed a few visionaries in
the field of SCM and recognised the irresistible call of these individuals for modelling
and simulation to be involved in the research (Wallin, Rungtusanatham, &
Rabinovich, 2006). Modelling of the SCM seeks for the best possible system configu-
rations to minimise costs and increase operational efficiency in order to meet cus-
tomer expectations (Bowersox, Closs, & Cooper, 2010). Modelling of SCM and
logistics problem solving, traditionally relies on three basic methods: optimisation,
simulation and heuristics (Griffis, Bell, & Closs, 2012). An important issue in SCM is
the need to make the right decision, despite the occurrence of significant ambiguity
(Giannoccaro, Pontrandolfo, & Scozzi, 2003). In addition to fluctuations in demand
and delivery times, vagueness is associated with the lack of information from the pro-
duction and distribution processes in SCM (Chatfield, Hayya, & Cook, 2013; Wu,
Kazaz, Webster, & Yang, 2012). Some authors expressed uncertainty of market
demand and inventory costs (Azizi, Yazid B. Ali, & Wei Ping, 2015; Nakandala, Lau,
& Zhang, 2014) in the model theory of fuzzy sets (Gumus & Guneri, 2009).
There is a review of some works from the field of SCM based on the neuro-fuzzy
approach. Jang (1993) first introduced the ANFIS method by embedding the Fuzzy
Inference System into the framework of adaptive networks. Demand uncertainty is
considered in the optimisation model of Gupta and Maranas (2003) in which by a
two-stage stochastic programming model they consider all production decisions in
the first stage and all the supply chain decisions in the second. Didehkhani, Jassbi,
and Pilevari (2009) used ANFIS for evaluating flexibility in a supply chain. Atsalakis
and Valavanis (2009) applied ANFIS to create a forecasting system that predicts the
next day’s trend for a stock. Yazdani-Chamzini, Yakhchali, Volungevicien_e, and
Zavadskas (2012) used ANFIS and an artificial neural network (ANN) model for
modelling the gold price.
Later on Holimchayachotikul, Leksakul, Montella, and Savino (2010) proposed a
predictive system based on the neuro-fuzzy concept, multi-criteria decision attributes
and B2B supply chain performance evaluation system for the supply chain. Guneri,
Ertay, and Yucel (2011) developed a new method using ANFIS for the supplier selec-
tion problem. Vahdani, Iranmanesh, Meysam Mousavi, and Abdollahzade (2012) pre-
sented numerous quantitative methods for supplier selection and evaluation in the
literature, where the most current technique is Hybrid approaches. Later Ozkan and
Inal (2014) employed ANFIS in supplier selection and evaluation process. Aksoy,
€Ozt€urk, and Sucky (2014) applied ANFIS for demand prediction in an
apparel industry.
Several methods for EOQ in SCM have appeared in the literature, including
approaches based on a neuro-fuzzy (Yazdani, Zarate, Coulibaly, & Zavadskas, 2017).
Efendigil, Onut, and Kahraman (2009) developed a comparative forecasting mechan-
ism based on ANN and ANFIS techniques to manage the demand forecasting issue
under fuzziness. Paul, Azeem, and Ghosh (2015) presents the application of ANFIS
and ANN in an inventory management problem to determine optimum inventory
level. Abdel-Aleem, El-Sharief, Hassan, and El-Sebaie (2017) study and analyse the
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optimal lot size in a real production system to obtain the optimal produc-
tion quantity.
ANFIS has a wide application in the fields of finance, marketing, distribution,
business planning, information systems, production, logistics etc (Ambukege, Justo,
& Mushi, 2017; Mardani et al., 2017; Pamucar & Cirovic, 2018; Rajab & Sharma,
2017; Stojcic, 2018; Svalina, Galzina, Lujic, & Simunovic, 2013; Xiao et al., 2014;
Yazdani-Chamzini, Zavadskas, Antucheviciene, & Bausys, 2017). Efficient SCM,
including EOQ, is crucial for survival and success in a turbulent world. SCM is one
of the most researched topics in recent years and most of the papers are focussed
on artificial intelligence methods for supply chain optimisation (Groznik &
Trkman, 2015).
In Table 1 a comparative analysis of classical methodologies, individual artificial
intelligence methodologies and ANFIS methodology applied in the paper for the
determination of EOQ have been carried out. The basic criteria have been defined as
the characteristics for each of the three groups of the mentioned methodologies and
they have been mutually compared. The classic method is one of the oldest EOQ
models in the fields of operations and inventory management (Axs€ater, 1996; Harris,
1913), however, it has limited assumptions and cannot be adapted and cannot effi-
ciently function in today’s environment. The application of individual methods of
artificial intelligence (Çelebi, 2015; Kazemi, Olugu, Abdul-Rashid, & Ghazilla, 2016;
Mondal & Maiti, 2003; Roy & Maiti, 1997) developed more flexible models compared
to the classic ones characterised by simplicity and robustness. Individual artificial
intelligence methods have many advantages as listed in Table 1, but they are not able
to cover all the specificities of the order process in SCM, and thus developed models
lack sensitivity and flexibility above all.
Table 1. Differences between studies for the determination of EOQ applying the classical, individ-








solve complex and real problem  /þ þ
robustness of the model þ  
unlimited assumptions  þ þ
constant price þ  
expressed uncertainty of demand  þ þ
modelling to be involved  þ þ
efficient SCM þ þ þ
wide application  /þ þ
parameters are changed through the
process of modelling
  þ
reduce the role of the expert  þ þ
dependent on the expert designing   þ
nadokanad-uje lack of information   þ
sensitivity to the input parameters   þ
no limitations are due to the mass and
vagueness of datasets
  þ
learning effect with imprecise parameters   þ
intuitiveness   þ
flexibility   þ
computationally more efficient  þ þ
implementation in the information system  þ þ
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Under the complex conditions of functioning of the real business world, the
best results are achieved by applying some of the hybrid methods of artificial
intelligence, as confirmed by the papers: Zavadskas et al., 2016; Yazdani et al.,
2017; Teksan & Geunes, 2016; Liou et al., 2016 etc. This, in solving the complex
problem of determining EOQ for a particular type of goods, was confirmed during
the research in this paper, where the application of ANFIS gave good results.
3. Adaptive neuro-fuzzy inference systems
ANFIS are the modern class of hybrid systems of artificial intelligence. They are
described as artificial neural networks characterised by fuzzy parameters. By combin-
ing two different concepts of artificial intelligence we can try to exploit the individual
strengths of fuzzy logistics and artificial neural networks in hybrid systems of homo-
geneous structure. Such engineered systems are increasingly used to solve everyday
complex problems, and with the assistance of logistics experts and historical data, this
approach can be designed on the basis of computer aided systems.
The decision support system for EOQ is based on the integration of the concepts
of fuzzy logic and artificial neural networks. Fuzzy logic, based on fuzzy sets, provides
the mathematical potential for describing ambiguity related to cognitive processes in
humans, such as thinking and reasoning (Ghazinoory, Esmail Zadeh, & Kheirkhah,
2010). Using fuzzy logic it is possible to make conclusions on the basis of incomplete
and insufficiently precise information, so-called approximate reasoning.
Fuzzy logic was created as a result of attempts to model human thinking, experi-
ence and intuition in the decision-making process based on inaccurate data. It is suit-
able for expressing vagueness and uncertainty. To explain the meaning of the term
fuzzy logic, one can use the explanation of Zadeh who is its ideological creator
(Teodorovic & Vukadinovic, 1998). A large number of sets we face in reality has no
precisely defined boundaries that separate elements in a set of elements outside
the set.
A fuzzy set A of set X can be defined as a set of ordered pairs given in (1).
A ¼ x; lA xð Þð Þjx 2 X; 0  lA xð Þ  1
 
(1)
Where X is a set of considerations in which a fuzzy set A is defined and lA (x) is
a membership function of the element x of the set A. The fuzzy logic introduces the
notion of a membership function which is interpreted as a degree of truthfulness of
the claim, and thus it is‘closer’ related to problems and events from everyday life.
Each fuzzy set is completely determined by its membership function which represents
the degree of belonging of the elements x to the fuzzy set A, which is represented in
(2).
lA xð Þ : X ! 0; 1½  (2)
Fuzzy numbers are defined as convex normalised fuzzy sets. A fuzzy set is normal-
ised if at least one element belongs to this set with degree of belonging 1.
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According to the fuzzy theory, the choice of the membership function, i.e., the
form of the function and the size of the confidence interval, is most often performed
on the basis of subjective assessment or experience. The most common forms of the
membership function are: triangular, trapezoidal, Gaussian, and bell-shaped. The
Gaussian fuzzy number is applied in the paper, which is defined with two parameters
A ¼ [r; c], The membership function can be defined as shown in (3).
lA xð Þ ¼ e
 xcð Þ2
2r2 ; for x  0; c½  (3)
On the other hand, artificial neural networks, with their different architectures
built on the concept of artificial neurons, were developed to imitate biological ner-
vous systems in performing functions such as learning and pattern recognition. While
fuzzy logic provides a mechanism for reasoning with incomplete and insufficiently
precise information, artificial neural networks provide opportunities for learning,
adaptation and generalisation (Cirovic & Pamucar, 2013). Neural networks can learn
from an example – automatically, but it is difficult to describe knowledge gained in
this way. On the other hand, fuzzy logic makes approximate reasoning possible, but
it does not have the characteristic of adaptability.
Ability to display the model in the form of fuzzy neural networks is commonly
used in automatic procedures for determining parameters of fuzzy model based on
the available input-output data (Negnevitsky, 2011).
The structure of the neuro-fuzzy intelligent systems applied in the paper is similar
to the neural network. Membership functions of the input data are mapped to the
input of neural network and the output data via neural networks to define the input-
output legality (Figure 1).
Parameters typical for the corresponding membership functions are changed
through the process of network learning. The calculation of these parameters is usu-
ally done on the basis of the vector gradient, which represents a measurement accur-
acy of the mapping of fuzzy system reasoning input to the output data set for a given
set of the checked parameters (Cetisli, 2010).
ANFIS have the described structure of the neuro-fuzzy intelligent systems. The
basic idea of ANFIS is based on the methods of fuzzy modelling and learning
Figure 1. The basic structure of Hybrid Artificial Intelligence Systems.
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according to the given data set. The introduction of fuzzy systems in neural networks
uses a learning ability of neural networks to improve the performance of the model
which gave much better results during the survey than using only one concept of arti-
ficial intelligence. Corresponding fuzzy inference system is created and parameters of
membership functions are calculated according to the input-output data set.
Parameters of functions that are members of a fuzzy system can be adjusted using
the backpropagation algorithm or a combination of the aforementioned algorithm
and least square method. This setting allows fuzzy system learning based on input-
output data set. This method of learning is similar to the method of neural networks.
Figure 2 represents ANFIS with five layers (Azarbad, Azami, Sanei, & Ebrahimzadeh,
2014). The output of each layer is represented by Oi where i is the i-th node of the
first layer.
The adaptive neuro-fuzzy inference system operates in the following manner
(Efendigil et al., 2009):
1. The nodes in the first layer represent linguistic variables of the input variables
quantified with fuzzy sets. In the first layer the degree of membership is calcu-
lated:
O1i¼ lAi x1ð Þ; for i ¼ 1 and 2: (4)
O1i ¼ lBi2 x2ð Þ; for i ¼ 3 and 4: (5)
Where: lAi and lBi are the corresponding membership functions for fuzzy sets
Ai and Bi.
2. All elements in this layer are fixed differently from the first layer with the adap-
tive elements. The output of each node of the second layer represents the inten-
sity of activation of the corresponding rule. Relation AND is used, i.e., operator
product:
Figure 2. Adaptive Neuro-Fuzzy Inference System.
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O2i ¼ wi ¼
Yn
i¼1
lAi x1ð Þ; lBi x2ð Þð Þ ¼ andmethod lAi x1ð Þ;ð
lBi x2ð ÞÞ¼ product lAi x1ð Þ  lBi x2ð Þð Þ; fori ¼ 1 and 2: (6)
3. In the i-node the ratio of the intensity of appropriate activation and the sum of
the intensity of activation of the corresponding rules is counted:
O3i ¼ wi ¼
wi
w1 þ w2 ; fori ¼ 1 and 2: (7)
4. The output values are calculated based on conclusion rules in the fourth layer.
For an i-th node output value rule is calculated:
O4i ¼ wifi ¼ wi pix1 þ qix2 þ rið Þ (8)
Where: wi is normalised rule activation intensity and pi; x1; qi; x2; rif g represent
a modified parameters set.








; fori ¼ 1 and 2: (9)





Where: oi is a desired output and i yi is an output from the model.
ANFIS only support fuzzy systems of Sugeno type (Tahmasebi & Hezarkhani, 2010).
An initial Sugeno fuzzy inference system was formed after defining the parameters of
the membership functions of the input-output variables. Benefits of Sugeno type are
that it is computationally more efficient, suitable for mathematical analysis, works
well with linear, optimisation and adaptive techniques. The formation of the proposed
neuro-fuzzy model consists of the following steps:
1. Determination of input-output data set in the form customised for training of
the neuro-fuzzy inference system.
2. The model structure with parameters is assumed, which by the rules reflects the
input membership functions into output functions.
3. The model is trained on the training data. In doing so, the parameters of the
membership functions are modified according to the selected error criterion in
order to get the valid model results.
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This way of modelling is appropriate if the training data are fully representative
for all the properties that the neuro-fuzzy model should have. In some cases, the data
used to train the network contain measurement errors so they are not fully represen-
tative for all features that should be included in the model. Therefore, the model
should be checked using the testing data. There are two ways of testing the model.
The first way is to check the model when input data are those that are not used for
training. This procedure shows how accurately the model predicts the output value
set and it is implemented in the paper. Another way to test the model is a mathemat-
ical procedure when the data that were used for training are now used as a data set
for testing and it is necessary to obtain the output with a minimal error.
4. Decision support system design
In this paper, the decision support system for the economic order quantity in SCM
has been developed. Decision support system is used to analyse and estimate EOQ
(Lee, Lin, & Pasari, 2014), and it decides whether to realise an order. Due to the
complexity of the issue, decision support system is divided into two interdepend-
ent models:
1. The economic order quantity model (EOQ Model) and
2. Order implementation model (OI Model).
Figure 3 shows the structure of the proposed decision support system. The input
variables in EOQ Model are: the size of demand, inventory levels and prices. The out-
put result of that model is EOQ that, with the data on the availability of vehicles and
emergency of order, represents the input variables in the OI model. The output vari-
able, the order implementation, has two options: the order is carried out or not. If
the order is realised, the final result of the decision support system is the economic
order quantity by EOQ Model. If the order is not realised, the process of determining
the quantities of supplies starts again. The criterion of optimal order is the size of the
errors in the testing and training network.
Figure 3. Decision support system design.
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Decision support system was formed on the basis of a company that successfully
operates in SCM. Input values were determined by interviewing experienced logistics
experts in the company which incorporated all parameters relevant for EOQ and its
implementation into proposed input values. Decision support system was tested in a
specialised trading company of electrical products on the example of the electrical
cables that are widely used. The main packages of the electrical cables are coils of
cable with the length of 100m, which are supplied packaged in heat ‘stretch’ foils and
cardboard boxes.
4.1. Proposed models
The main reason for presenting the fuzzy system with neural networks is the use of
learning ability of neural networks to improve the performance of the model. The
aim of the neuro-fuzzy modelling is to reduce the role of the expert in the develop-
ment of the model and the use of specific data of a business enterprise for the forma-
tion of the model. Decision support system for the EOQ was developed in the
MATLAB environment.
Proposed models in decision support system have the form of a multilayer neural
network with feed forward. The first layer is the input variable, the hidden (middle)
layer represents fuzzy rules and the third layer is the output variable. Fuzzy sets are
defined as connection weights between nodes. In the adaptive nodes the adjustment
is implemented in order to reduce error that is obtained at the output of the model.
Error represents the difference between the known output values and the values that
are obtained at the output of the neuro-fuzzy networks (Karaboga & Kaya, 2018).
Reports are spread forward and the errors are spread backward. Thus, output numer-
ical value approaches the optimum, i.e., requested value.
Data set for training the neural network was obtained on the basis of concrete
data on the operations of the observed companies. We used a hybrid optimisation
method which consists of:
 backpropagation method (back propagation algorithm), which determines the
error variables recursively from the output layer to the input layer and
 the least squares method to determine the optimal set of effect parameters.
The structure of fuzzy models mapped in a neural network for individual models
is shown in Figure 4. At EOQ Model, size of the input demand variable has five val-
ues, while the number of membership functions of input variables (inventory level
and prices) is three. The input variable size of demand has the values in the interval
[0, 250], inventory level is in the interval [0, 200], while the price is presented in lin-
guistic values in the interval [1, 3]. The interval of the output variable economic
order quantity is [0, 250]. Regarding the OI model, the input variable economic order
quantity has values in the interval [0, 250], availability of the vehicle in the interval
[0, 10], since the company owns 10 vehicles and the emergency of order is expressed
by linguistic values (small, medium and large) in the interval [0, 1]. The output vari-
able preference order is expressed by linguistic values (very small, small, medium,
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large and very large) in the interval [0, 1]. In case the supply preference is within the
limits of 0 0.4, the procurement is not realised, and if the preference of procure-
ment is within the limits of 0.4 1, the procurement is realised. If the preference
value is 0.4 the priority is given to the realisation of the procurement. In the case of
the OI model, the number of membership functions of the input variable, quantity
order and availability of the vehicle is five, while the urgency of the order has three
values. Membership functions have the shape of a Gaussian curve, because in similar
studies (Atsalakis & Valavanis, 2009; Guneri et al., 2011) this form of curve gave the
best results.
Table 2 represents parameters used in both models according to which the deci-
sion support system was designed.
We applied the technique of network sharing (grid partition) to generate single
output models and hybrid optimisation method. It is assumed that the output mem-
bership functions are of the constant type. Number of training cycles (epochs) is 500
(Figure 5), although in the OI model it has been shown that the minimum error is
achieved after only 15 epochs (Figure 5(b)).
In EOQ Model 50 input-output data sets were used for the network training.
Interval of the output variable quantity procurement is 50 to 250 units of supply. In
EOQ Model there is an error at the exit of the neural network that amounts to 2.15
(Figure 6(a)).
In OI Model there is an error at the exit of the neural network that amounts to
0.122 (Figure 6(b)). One hundred input-output data sets for decision on implementa-
tion of the procurement were used for the network training. The output variable of
OI Model has two values: 1 - supply is not realised and 2 - supply is implemented.
After the training phase, the neural network has been tested on the basis of input-
output data sets that were not used during the training model. Testing enables verifi-
cation of the functioning of the neuro-fuzzy model. Output data, which were gener-
ated by the network, are compared with the available data. Deviations in the
functioning of the model must be within the boundaries of the tolerance provided.
The average error in testing the neural network of EOQ Model was 4.03. Figure
7(a) shows that there is a high agreement of the known and results obtained on a
basis of testing of 10 cases of EOQ that were not used in training of the
neural network.
Figure 4. Neural network: a) EOQ Model and b) OI model.
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The average error in testing the neural network of OI model was 0.24. Figure 7(b)
shows that there is a high agreement between the decisions made by the company
expert and the decisions made by the model. Testing of 20 cases of determining the
OI has shown that the model works with deviations within the boundaries of pro-
vided tolerance and that the proposed model gives valid results.
The constant question during the neuro-fuzzy modelling is how many data should
be used for training, and how many for testing? In the literature various relationships
could be found and they are distinctive for each problem (Cetisli, 2010). In the case,
we used 83.32% of the data for training and 16.67% for the testing model.
Testing the model allowed testing the functioning of the proposed EOQ model.
The output data generated by the network were compared with known data of the
company. Table 3 shows that there is a high agreement between the actual and
obtained results. The average relative error of the EOQ Model is 3.28% and on the
basis of this analysis, it can be said that the EOQ model gives valid results.
OI model was tested on the basis of input-output data sets that were not used in
the training phase of the model. We compared the results given by the model and
the actual results of the company for the same input parameters. Testing of OI model
(Table 4) showed a high level of agreement between decisions made by experts in the
Table 2. Parameters of neuro-fuzzy decision support system
EOQ MODEL OI MODEL
Number of nodes 118 182
Number of linear parameters 45 75
Number of nonlinear parameters 22 26
Total number of parameters 67 101
Number of pairs of data for training 50 100
Number of pairs of data for testing 10 20
Number of fuzzy rules 45 75
Figure 5. Training of the neural network: a) EOQ Model and b) OI model.
Figure 6. Training error of neural network: a) EOQ Model and b) OI model.
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company and the model decisions (95%), thus proving that the OI model gives
valid results.
By testing the EOQ and OI models acceptable values were obtained and the pro-
posed decision support system was verified.
Figure 7. Testing the neural network: a) EOQ Model and b) OI model.
Table 3. EOQ model testing
Size of demand Inventory level Price EOQ in company Results by model Relative error(%)
120 105 2 130 127 2,31
130 120 2 120 123 2,50
30 20 2 90 89 1,11
230 100 1 190 191 2,05
125 120 2 125 123 1,60
50 80 3 75 78 4,00
120 40 2 140 150 7,69
80 30 3 85 80 5,88
135 85 3 90 93 3,33
65 75 2 85 83 2,35
 3,28
Table 4. OI model testing (1 - order is not realised and 2 - order is implemented)
Input variables Output variables
Order quantity Availability of vehicles Emergency of order Expert decision Model decision
20 1 0,2 1 1
10 5 0,1 1 1
150 4 0,5 2 2
40 4 0,4 1 1
30 3 0,4 1 1
145 6 0,9 2 2
30 2 0,3 1 2	
140 6 0,6 2 2
170 7 0,6 2 2
100 6 0,9 2 2
15 3 0,4 1 1
200 7 0,7 2 2
140 8 0,6 2 2
180 9 0,9 2 2
105 6 0,7 2 2
70 2 0,2 1 1
40 2 0,2 1 1
55 2 0,2 1 1
120 9 0,3 2 2
120 7 0,9 2 2
	Different decision.
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4.2. Sensitivity analysis
One of the basic requirements of the modelling is to achieve a sufficient sensitivity
model. This means that when certain small changes happen in input variables, the
output of the model must also have a small change in the value. Sensitivity analysis
of the decision support system was performed by changing the shape of the member-
ship functions of input variables and the number of values of input variables for each
individual EOQ and OI model (Table 5). Instead of Gaussian curves, tested member-
ship functions are triangular, trapezoidal, and bell-shaped.
For defined cases of testing the sensitivity of EOQ and OI models, the average
errors obtained by training and testing of the network reveal negligible differences,
indicating that the decision support system gives valid results.
4.3. Discussion
The basic purpose of this chapter is, using the comparative analysis, to compare the
results of the classical fuzzy and hybrid neuro-fuzzy model, to note the advantages
and disadvantages of the applied artificial intelligence methods and, based on the ana-
lysis, to apply one of the methods mentioned above.
In the first phase of the research, the decision support system for EOQ was formed
on the principle of fuzzy logic. Below are the basic results of the models that are used
for comparative analysis. The basic elements of the fuzzy decision support system
(EOQ model, OI model, structure, input and output variables, number of member-
ship functions, curve form) are the same as with the already presented ANFIS deci-
sion support system. The appearance of the membership functions of the EOQ model
is presented in Figure 8, while the parameters of the membership functions are listed
in Table 5.
The second part of the decision support system related to the realisation of the
procurement is presented in Figure 9.
The summarised graphical presentation of the output variable of the decision sup-
port system for both fuzzy models depending on the input variables is presented in
Figure 10.
The basic characteristics of the decision support system formed on the basis of the
fuzzy and ANFIS methods are shown in Table 6.
The results of the proposed models are compared using comparative analysis. The
comparison criterion is the average relative error of the model’s results. The errors of
Table 5. Sensitivity analysis of the decision support system











Triangle 3-3-3 4.16 7.02 3-3-3 0.20 0.12
5-3-3 2.21 6.58 5-5-5 0.03 0.77
Trapezoidal 3-3-3 8.40 8.56 3-3-3 0.22 0.12
5-3-3 2.82 6.99 5-5-5 0.15 0.30
Bell shaped 3-3-3 3.55 6.36 3-3-3 0.21 0.06
5-3-3 1.77 2.83 5-5-5 0.02 0.41
	The number of epochs is 500.
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the proposed models are within the tolerance limits. By testing the EOQ model, the
average relative error of the ANFIS model (3.28%) is significantly lower than the
fuzzy model (5.6%). The error of the fuzzy OI model (7.3%) is higher than the
ANFIS model OI (5%). During the research, the aim was to improve the performance
of the fuzzy model using the ANFIS method by forming a decision support system.
The comparative analysis showed that relative errors are less in the ANFIS model,
i.e., the application of the neuro-fuzzy method gives more precise results. Training of
the neural network has given improved membership functions with new parameters
(Table 5). Based on the conducted research and the results obtained, the advantage
can be given to the application of hybrid neuro-fuzzy systems of artificial intelligence
in regard to the fuzzy systems.
Figure 8. Fuzzy set membership functions in fuzzy EOQ model a) size of demand, b) inventory
level, c) prices and d) order quantity.
Figure 9. Fuzzy set membership functions in fuzzy OI model a) order quantity, b) availability of
vehicles, c) emergency of order and d) order implementation.
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During the research, it was noted that in addition to the advantages mentioned in
the paper, each of the applied concepts of artificial intelligence has certain disadvan-
tages, and that none of the tools is universally applicable. The observed disadvantages
of the fuzzy logic are that the process of developing the fuzzy model is complex, and
that the choice and adjustment of the membership functions of the variables are a
very sensitive field that has a significant impact on the results of the model.
Using a neuro-fuzzy method, training time of the neuronal network usually
requires a large amount of data and can be very long, and therefore the need for fre-
quent repetitions of the training can make the model unusable. A small number of
input parameters gives rough and imprecise results, so the end results of the model
have a greater deviation from the real results.
5. Conclusion
In a highly dynamic and changing business environment, firms should build effective
retailers by applying adequate scientific techniques in SCM. In this paper, a technique
of artificial intelligence is presented, based on the hybrid ANFIS method, for deter-
mining EOQ and its realisation by retailer.
Here, the basic hypothesis in this paper, that the decision support system on the
neuro-fuzzy approach can effectively manage one part of SCM, has been confirmed
in a systematic way. The proposed decision support system showed good results and
it is presented as a very successful tool for planning, organising and implementation
of the EOQ model. The model is flexible, encompasses a time-dependent request, and
can be applied to various kinds of goods flow in SCM. It contributes to the efficient
Figure 10. Display of the output variable of fuzzy decision support system.
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SCM, and therefore to the greater satisfaction of socio-economic needs of citizens
and businesses.
The advantages of such a designed decision support system have been used for
modelling of complex and real processes of SCM in which it can be difficult to deter-
mine the interdependence of the variables presented by the application of other meth-
ods. The application of this method has enabled the integration of large amounts of
data in the model and allowed that the proposed model can fully imitate the work of
logistics experts in the observed company.
The proposed neuro-fuzzy model has several main advantages over other methods.
First, in relation to the classic models, it has the ability of adaptability, which is
reflected in the possibility of setting the base of the fuzzy rules. Fuzzy rules are very
important for managing such systems, especially for a descriptive approach that pre-
fers intuitive, heuristic search of solutions in the process of economic order quantity.
Table 6. Comparative analysis of fuzzy and ANFIS decision support system
DECISION SUPPORT SYSTEM
FUZZY method ANFIS method
EOQ MODEL OI MODEL EOQ MODEL OI MODEL
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Number of fuzzy rules 45 75 45 75
Prosecna relativna
greska (%)
5,6 7,3 3,28 5
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This flexibility allows overcoming the limitations of conventional models for the eco-
nomic order quantity that perform a prediction of the flow through the observation
of parameters without the intervention of intuitiveness. Secondly, the shown neuro-
fuzzy model is effective under the conditions of uncertainty and can provide support
to decision makers when there is uncertainty in logistic processes and activities.
Thirdly, it can be implemented as a computer system that supports a dynamic deci-
sion-making process for economic order quantity.
Decision support system, besides being scientific, has a practical feature, as it has
been tested in commercial practice in a particular company, which is the current
intention of the research in a large portion of the scientific community. The proposed
model is adjusted to the needs of the business of the observed company and with
minor modifications it can be applied to any company that deals with the realisation
of the flow of goods.
The disadvantage of the neuro-fuzzy modelling is that time for the training of the
neuro-fuzzy network requires a large number of data and it can be long as well, so
the need for frequent repetitions of training can make the application unusable.
In future researches, in the case of business and the needs of other companies and
new market trends, the proposed model can be extended by introducing a larger
number of input variables, conducting a detailed economic quantification of costs
(ordering costs, inventory holding costs) and covering other logistics processes in
SCM (Abdulshahed & Badi, 2018; Yazdani et al., 2017). The proposed model can be
used for determination of the amount of order of other types of goods, raw materials
or semi-finished products, with adaptation of the input model parameters to specifi-
city for the given order. In order to control and mitigate the negative effects caused
by SCM disruptions (Sreedevi & Saranga, 2017), a significant amount of work in the
area of supply chain risk management is undertaken in both academia and practi-
tioner circles.
One of the aims of the research was to improve the computer aided system in
order to optimise logistics processes in SCM, which was achieved by reducing the
role of a logistics expert. Also, the distributed system is computationally more effi-
cient and can be implemented in the information system. This effect can be increased
by harmonising the existing decision support system with MRP. It is a complex pro-
cedure that requires thorough research and a detailed explanation and as such it will
be the subject of further researches.
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